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Water Quality Monitoring by Remote Sensing? 

i Mal=me)ae)e)(-10n ee 

= Remote sensing of lake color gives 
Tavxe)anat-)acelameyan©){-lalae)(e)pal-\-y ol 0am 


= Lake water is a complex “organic soup” 
= Various types of algae and cyanobacteria 
aim Glo) (0) cleo [k-s-X0) \-te me) gel-lalren sarees i 
= Suspended sediment 


" Collect Hyperspectral swaths in Western 
basin of Lake Erie using NASA Glenn HSl2 
= Apply KSU Spectral decomposition method 
= Varimax-rotated, Principal Component Analysis 
= Eigenvector-eigenvalue decomposition 
= Soft unsupervised classification method 
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We apply 4 different variations on the Empirical Line Method (ELM) method to reflectance : 


ELMo method uses two instruments (HSI2 and ASD HH2) along with mirrors. Ratio HSI2 water pixels to mirror 
pixels to remove the atm. Then rescale using ASD HH2 data. 


ELM2 method uses two instruments (HSI2 and ASD HH2) surface measurements of reflectance, diffuse to 
global ratio, and radiative transfer theory to get slope and intercept for water surface and mirror surface pair to 
ofomicelanme-lell-lala-mkona-1il-\ele-]ale ce 


The ELM1 method is ELM2 with the intercept term removed to test sensitivity of the VPCA to path radiance 
Tan} er-le 


The MTRI (Michigan Technological Research Institute) correction method uses three instruments (HSI2, upward 
looking ASD HH2, and downward looking HH2) The HSI2 and upward looking ASDHH2 provide at-sensor 
reflectance and then the downward looking HH2 uses a blacktop reference spectra to reshape the at-sensor 
reflectance to at-surface reflectance 


Because the Varimax-rotated, Principal Component Analysis (VPCA) method is based on spectral shapes, it 
should be relatively insensitive to the quality of the atmospheric correction 
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¢ How sensitive Is 
the VPCA method 
to differences in 
atmospheric 
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Figure 8 


062116 15_MBSP (10nm, SPEARo, smoothg, various reflectance transform, georef) VPCA Pattern A 


A) Uncorrected RGB B) NOAA Cl C) MTRI6VPCA1: D) ELMo 5VPCA1: E) ELM14VPCA -1: F) ELM2 4VPCA -1: 
(erelelare) 56% 67.1% 36.9% 36.9% 
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mele gone) 
062116 HSI2 Swath 15_MBSP: Pattern B 
A) MTRI 6VPCA 2: 16.4% B)ELMo 5VPCA 2: 15.5% C) ELM14VPCA 3: 26.3% D) ELM2 4VPCA 3: 26.3% 
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Figure 10 
062116 HSI2 Swath 15_MBSP: Pattern C 


A) MTRI 6VPCA -3:10% B)ELMo5VPCA3:7.2%  C)ELM14VPCA2: 26.5% D)ELM24VPCA 2: 26.5% 
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Figure 11 


062116 HSI2 Swath 15_MBSP: Pattern D 


A) MTRI6VPCA -4: 7.8% 


B) ELMo 5VPCA 4: 6.4% 


C) ELMa 4VPCA 
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Figure 13 
062116 HSI2 Swath 15_MBSP: Pattern F 


A) MTRI 6VPCA 6: 1.3% B) ELMo 5VPCA 5: 1% C) ELM1 4VPCA 
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Figure 12 
062116 HSI2 Swath 15_MBSP: Pattern E 
A) MTRI6VPCA 5: 4.4% B) ELMo 5VPCA C) ELM14VPCA -4: 4.2% D) ELM2 4VPCA -4: 4.2% 
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Dealing with Mixed Pixels 


Q: How does the amount of 
information we 

can extract from Landsat 8 compare 
with Hyperspectral data sets? 


A: Test w/KSU Spectral decomposition 
method 
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KSU Spectral Unmixing Experimental Design 
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062116 HSI2 swath 15: SPEARo; MTRIcorr; 10nm; 3m —smoothg pixels: 5VPCA 


A) RGB B) MTRI6VPCA1: C)MTRI6VPCA2: D) MTRI 6VPCA -3: E) MTRI 6VPCA 4: F) MTRI 6VPCA s: 
55.8% 24.9% 11.9% 3.6% 1.8% 
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Sentinel3A Comparison 
of VPCA to NOAA Cl 


The images below are "GeoPDF". To see the longitude and latitude under you 
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Figure 1. Cyanobacterial Index from modified Copernicus Sentinel 3 data colle 
missing data. The estimated threshold for cyanobacteria detection is 20,000 cell 
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KSU VPCA decomposition method can be applied successfully to Landsat, 
MODIS, HICO, NASA Glenn HSl2 


VPCA is well suited for application to Sentinel-3, HyspIRI, PACE: Makes use of 
all information present in hyperspectral data 


The NASA HSIl2 (31 visible bands @ 10nm resolution) collects about twice as 
many components from a simulated L8 scene (with 4 bands in the visible) 


Spectral decomposition of an actual L8 image collected within two days of 
the NASA HSl2 swath is consistent with the simulated results 
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See Water quality webpage at: http://www.personal.kent.edu/~jortiz/home/waqr.html 
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